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Lameness is an endemic disorder causing health problems and production losses in the dairy cow industry. The objective of this study was to identify cow and farm-level factors associated with lameness on Automatic Milking System (AMS) farms, using decision tree analysis to assign probabilities to each input. AMS farms across Canada and Michigan were evaluated to identify the most substantial farm (i.e., stall design, bedding) and cow-level (i.e., BCS, leg injuries) factors associated with prevalence of lameness. To assess lameness, videos of cows were used, and cows with a head bob or noticeable limp were categorized as lame. A decision tree classification model used 1378 data points from 39 pens across 36 farms to predict the value of the target class through “tree function” in MATLAB. The primary classifier was identified as type of stall base, dividing the data set into 3 categories: 1) rubber, sand, or geotextile mat flooring, 2) concrete base, and 3) other types of stall base. Within the first category (class membership (CM) = 976), bedding quantity was the secondary classifier, which was divided by cows standing on ≥2 cm (CM=456) or <2 cm (CM=520) of bedding. Bedding quantity was divided into the third most important classifier of BCS, and cow fit stall width. Cows with BCS of 3.25 to 4.5 (CM=307) were defined as non-lame with an estimated probability (EP) of 0.59, while cows with BCS of 2 to 2.5 (CM=213) were further split by hock lesion incidence. Cows without lesions were defined non-lame (EP=0.93) and cows with lesions were defined lame (EP=0.07). Cows that fit stall width were defined as non-lame (EP=0.66) and cows that did not fit were further divided by the width of the feed alley. Farms with ≥430 cm feed alley were defined as non-lame (EP=0.89), whereas farms with <430 cm feed alley were defined as lame (EP=0.11). Through implementing a novel multifactorial approach of data analysis, we were able to highlight the critical points that can be focused on to enhance farm-level housing and management practices or mitigate or monitor cow-level issues to reduce incidence and severity of lameness in AMS farms.
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1 Introduction

Lameness is one of the core endemic disorders causing health and welfare problems and production losses within the dairy cow industry, and its incidence has increased over the last 45 years (Adams et al., 2019; Jewell et al., 2019; Randall et al., 2019). As the dairy industry continues efforts to increase production to feed the constantly growing world population over the coming decades, challenges associated with reducing the incidence of lameness are most likely to increase. Lameness is associated with sole ulcers and white line disease which creates pain, preventing cows from performing natural behaviors and functions (Bicalho et al., 2008). Previous studies confirmed that lameness is associated with pain (Huxley, 2013), reduced milk yield (Bicalho et al., 2008), poor fertility (Bicalho et al., 2007), higher culling rates (Cramer et al., 2009), and substantial economic losses (Huxley, 2013). Lame cows show increased lying and resting times, and while lying is often associated with positive outcomes for overall health welfare and production in dairy cows, excessive lying indicates health problems like lameness (Westin et al., 2016a). Lame cows also spend less time feeding, causing decreased nutrition intake leading to poor body condition scores (BCS) and negatively impacting milk production (Green et al., 2014).

Dairy cows’ daily routine in Automatic Milking System (AMS) is notably different compared to that of cows milked in manual parlors. Cows milked in AMS are expected to voluntarily enter a milking robot numerous times throughout the day, as opposed to milking parlors, where cows are taken to following a rigorous schedule two or three times daily. Essential criteria of successful AMS farms include the ability to maintain high milk yield, good health conditions, and little labor spent fetching cows for milking. Lame cows are less likely to voluntarily enter milking robots when compared to sound cows (Borderas et al., 2008; Miguel-Pacheco et al., 2014), and additional labor is required to fetch lame cows for milking (Bach et al., 2007). Therefore, reducing lameness is an essential element in managing successful AMS-based dairy farms. Lameness incidence can be mitigated by various farm management practices like routine hoof maintenance, prevention plans, and the ability of farmers to properly detect lameness for early treatment (Leach et al., 2012; Sadiq et al., 2021). While lameness is difficult to treat once diagnosed, many researchers have found a reduced prevalence of lameness after rapid treatment through improving the prognosis and decreasing the duration and treatment costs associated with lameness (Leach et al., 2012; Gundelach et al., 2013). Similar to other endemic diseases, prevention of lameness in dairy cows is imperative in terms of maintaining high milk production rates and a healthy herd (Bicalho et al., 2008). However, a thorough investigation of both cow and herd level factors associated with incidence of lameness in AMS farms is required to achieve the optimum barn design and management practices that counteract such problems. So far, previous herd-level AMS studies have focused on barn design (e.g., cow traffic systems as reviewed by Jacobs and Siegford, 2012), supplemental feed (Scott et al., 2015), and associations of barn design and management practices with production per cow and per AMS (Tremblay et al., 2016). Westin et al. (2016b) investigated both cow and farm-level risk factors associated with lameness through univariable and multivariable regression modeling using data from 36 AMS farms in Canada and Michigan, which is the same data set in the current study. They were able to identify the most significant factors that were independently associated with the prevalence of lameness on these farms. However, in the current study, we pushed such investigation to a more descriptive, multifactorial, and multi-directional level of data analysis to reveal comprehensive associations between cow and farm-level inputs, resulting in incidence of lameness in AMS farms through decision tree modeling.

Decision trees are thought to be one of the most powerful approaches for data classification using machine learning algorithms (Ebrahimi et al., 2015). Due to their uncomplicated structure, they are easily assimilated by humans, easily assembled, and advanced compared to other known methods of classification (Gehrke et al., 1998). Decision trees are a visual illustration of data where an attribute is classified by its relation to other attributes. Our objective in the current study was to identify the potential cow and farm-level factors associated with lameness in AMS farms through using decision trees to assign probabilities to these different inputs. This, in turn, will help in determining the critical control points that can be employed for developing successful strategies to enhance housing and management plans and reduce the incidence of lameness in AMS farms. We hypothesized decision tree analysis would allow a more realistic understanding of the relationship between farm and cow-level factors and incidence of lameness in AMS farms that is necessary to reduce incidence of lameness on farm. Unlike regression modeling, implementing the decision tree analysis will not only identify the significant individual cows and/or management factors associated with lameness in lactating dairy cows but also arrange these factors based on their magnitude of involvement in inducing lameness in dairy herds. Moreover, we hypothesized decision tree would enable us to quantify the estimated probabilities of these different factors and order them based on importance in relation to lameness while being able to visualize the pathways to monitor and control incidence of lameness in dairy herds.



2 Materials and methods

The current study is a part of a larger study that included dairy cow farms from several locations across Canada and Michigan and aimed to assess the welfare and comfort of dairy cows on AMS dairies. Prior to the start of the study, all protocols were submitted to and approved by the Institutional Animal Care Committees and Research Ethics Boards at Universite Laval, the University of Guelph, the University of Calgary, and Michigan State University.


2.1 Herd and cow selection

Data were gathered over a two- and half–year period, from 36 farms with AMS across Canada (Quebec (QC); n = 10, Ontario (ON); n = 10, British Columbia (BC); n = 4, and Alberta (AB); n = 5), as well as in Michigan (MI; n = 7). Farms were included after their acceptance to mailed invitation to participate in the study. Interested farms were then interviewed to assure they met study inclusion criteria, including but not limited to: barns with free-stall housing for at least 1 year, no outdoor access, and operating an AMS for at least 6 months (See Westin et al., 2016b for further details). A total of 40 lactating Holstein cows were selected at each of the participated farms as a focal sample for detailed cow-based measurements. The number of focal cows that were ≤ 120 DIM was maximized whenever possible. Whenever the milking herd had less than 40 cows ≤ 120 DIM, the selection criterion was expanded above 120 DIM until a sample of 40 cows was obtained. Focal cows were also selected to reflect the ratio of primiparous to multiparous cows in the overall herd. Data were successfully obtained from 1,378 cows in total, with focal samples of less than 40 lactating cows (range = 25–39 cows) in 5 herds (See Westin et al., 2016b for further details).



2.2 Measurements


2.2.1 Cow measures

Focal cows were scored for hock and knee injuries using a 4-point scale following Gibbons et al. (2012) and Zaffino Heyerhoff et al. (2014). Score 3 included presence of major swelling (in area more than 2.5 cm), with presence of bald area or skin lesion; score 2 included presence of medium swelling (1-2.5 cm), or lesion on bald area; and score 1 included presence of minor swelling (less than 1 cm) with presence of bald area or hairless region; and score 0 was given when there was no change in the skin (See Westin et al., 2016b for further details). Cows were also assessed for leg cleanliness using a 4-point scoring system adapted from Cook (2006) by examining the lateral lower hind right leg from the top of the claw to the middle of the hock. Body condition of focal cows was recorded on a 5-point scale in 0.25 increments using the Elanco Animal Health body condition scoring chart for dairy cattle (Elanco Animal Health, 1996; based on Wildman et al. (1982) and Ferguson et al. (1994), then adapted by Vasseur et al. (2013)). Physical measurements were also taken from focal cows. Hip width was measured between the points of the 2 hook bones with a flexible measuring tape when the cow was in a standing position. Rump height was measured from the ground to the spine parallel to the hook bone using a height stick. Standardized procedures were used to collect each animal-based measure as described by (Vasseur et al., 2013; 2015), and these are available on the Canadian Dairy Research Portal (https://www.dairyresearch.ca/animal-comfort-tool.php). Measuring and scoring were done while cows were locked in self-locking headgates at the feed alley (See Westin et al., 2016b for further details).

Finally, focal cows identified by unique numbers on neck collars were individually video recorded immediately after milking while walking in the feeding alley after being released from the headlocks. Videos were then used to assess lameness. Cows that showed a head bob or had an obvious limp (defined as uneven weight bearing of one or more limbs) as described by Flower and Weary (2006) were classified as lame cows. Parity and DIM of each focal cow were retrieved from farm records (See Westin et al., 2016b for further details). Parity was categorized in two levels, as either less than or ≥ 2 years.



2.2.2 Farm measurements

Pens containing focal cows were used to take farm measurements. Focal cows were housed in a single pen in 34 farms, while on 2 farms they were spread across 2 and 3 pens, respectively (for more details please see Westin et al., 2016b). In each pen, the length of the feed bunk was measured, and feeding space per cow was calculated by dividing the feed bunk space by the number of cows in the pen. The type of feed barrier, flooring type adjacent to the feed bunk, and width of feed alley (alley where cows stood to feed, distance from feed bunk to the rear curb of laying stalls) were also recorded. The width of the feed alley was scored as less than or ≥ 430 cm, as a width of ≥ 430 cm is recommended in the Canadian Dairy Code of Practice (DFC-NFACC, 2009). Cleanliness of the feed alley floor was assessed before and after scraping using a 2-point score representing whether the height of manure collected on the heel of a clean rubber boot was more or less than 1 cm (for further details please see Westin et al. (2016b)).

Stall measurements were recorded using the first and last usable stalls in 3 representative rows within each of pen containing focal cows for an average of 6 ± 1 stalls per pen (range = 4 to 10 stalls). The stocking density of stalls was calculated by dividing the number of cows by the number of useable lying stalls. Stall width was measured as the average width of 3 consecutive stalls on either side of the middle stall of each row that was measured (range = 9 to 24 stalls per pen). Other stall measurements such as bed length (distance from rear curb to brisket board), stall length, neck rail height, brisket board height, distance of neck rail from the rear curb, and the height of the upper edge of bottom divider rail, were recorded during the visit. Also, lunge space was estimated for an average of 6 ± 1 stalls per pen (range = 4 to 10 stalls) and recorded as adequate if no obstruction was present in the bob-zone (≤ 76 cm in front of the top of brisket board as described by Nordlund and Cook (2003)). Other parameters such as the type of bedding and stall base (surface under bedding), bedding quantity, cleanliness, and dryness were also assessed in the selected stalls within each pen (for more details please see Westin et al., 2016b). Bedding quantity was evaluated and scored as none (when bedding was unable to be raked), < 2 cm (when raked flat for organic bedding, or below the curb for sand bedding), or ≥ 2 cm (when raked flat for organic bedding, or even with or above the curb for sand bedding), see Westin et al., 2016b for further details). Measurements were taken based on the standard operating procedures described by Zaffino Heyerhoff et al. (2014) and Vasseur et al. (2015), which are available on the Canadian Dairy Research Portal (www.dairyresearch.ca/animal-comfort-tool.php), and, as noted, a detailed description of the methodology used to obtain cow and farm measurements has been previously published (Westin et al., 2016b).




2.3 Data handling

Data were collected during a single visit by 2 assessors. Each assessor took the same measures on all cows. In total, 11 assessors collected data on different farms. To ensure high repeatability, all assessors took part in the same training program before the study started, which is described in detail by Gibbons et al. (2012) and Vasseur et al. (2013). For further details regarding inter-observer reliability please see Westin et al. (2016b). Data were entered into a relational database (Access 2010; Microsoft Corp., Redmond, WA) and then exported to Excel files (Excel 2010; Microsoft Corp.) and into MATLAB (MATLAB and Statistics Toolbox Release 2012, The MathWorks, Inc., Natick, MA) for conducting decision tree analysis.

In alignment with the Canadian Dairy Code of Practice (DFC-NFACC, 2009) recommendations, feeding space was dichotomized as less than or ≥ 60 cm. Then cows were assessed to either fit or to not fit stall width. Cows were considered as not fitting the stall width when the average stall width was narrower than 2× the cow’s hip width, as proposed by Ceballos et al. (2004) and Anderson (2007). Hock or knee lesion scores that include mild or no swelling with broken hair and/or bald area on one or both limbs (Score 0 and 1) were then lumped together and recorded as “absent”, while scores that included medium to major swelling with bald area and/or lesion (score 2 and 3) were recorded as “present”. For leg cleanliness, scores that included the presence of fresh manure or dried caked for <50% of the area were then lumped together and recorded as “clean”, while those included presences of fresh manure or dried caked for >50% were recorded as “dirty”. BCS was categorized into 3 categories (2: ≤ 2.5, > 2.5: < 3.25, and ≥ 3.25: ≤ 4.5). Lunge space was classified as “adequate” at the pen level if no obstruction was present in ≥ 75% of the measured stalls. Similarly, bedding quantity, cleanliness, and dryness was classified as > 2 cm, clean (score 0 – 1), and dry (score 0) if ≥ 75% of the measured stalls in the pen received the corresponding scores.



2.4 Decision tree analysis

In the decision tree model, data are presented as an inverted tree-like graph, which has a root at the top and grows downwards for easy interpretation. The main goal of decision tree models is to create a classification model that predicts the value of the label/target class (Breiman et al., 1984). They are constructed by partitioning predictors into rectangles (nodes) using a series of rules (Attribute Selective Measure) to identify the most homogeneous responses to predictors and determine the yes/no rule that best splits the data with respect to one feature. The best split is the most homogeneous responses to the predictors or output nodes (mincriterion). The previous steps are then repeated until all the data are correctly classified or a stopping rule is reached (Elith et al., 2008; Valletta et al., 2017; Tyasi et al., 2021). This results in an inverted tree-like frame branching off from a homogeneous probability distributed root node (mtry) to a highly heterogeneous leaf nodes for deriving the output (prediction) (Elith et al., 2008).

The decision tree analysis in this study was conducted by passing the data that were collected from the 36 AMS farms from the root node to leaf nodes that were connected through arcs or lines. Decision nodes were used to indicate input variables with a designated probability that generally represented influence or effect on the incidence of lameness. Class membership or the number of records per each output node in the population is also provided. Decision tree analysis was implemented by applying the “tree function”, (Loh, 2002) in MATLAB (MATLAB and Statistics Toolbox Release 2012, The MathWorks, Inc., Natick, MA). The target class or output variable was the occurrence of lameness in AMS farms with two class of “Lame cows” or “Non-lame cows” based on several input features or variables. Cow-level factors included: [1] parity, [2] DIM, [3] BCS, [4] leg cleanliness, [5] hock lesions, [6] knee lesions, [7] cow fits stall width, [8] cow fits bed length, [9] feeding space per cow, and [10] cows per stall. Farm-level factors included: [1] stall base, [2] stall bedding, [3] bedding quantity, [4] bedding dryness, [5] stall racking frequency, [6] lunge space, [7] feed barrier, [8] width of feed alley, [9] floor at feed alley, and [10] feed alley cleanliness. In the current study, root (classifier) and leaf (decision) nodes were presented as horizontal rectangles, connected with arrows showing the designated categories and corresponding cut-off points. Whereas the output variables (prediction nodes) were presented as snipped top coroner rectangles with white shape filling for “Non-lame cows” and 15% darker shape filling for “Lame cows”, both including the prediction values or the estimated predicted probability associated with each factor (Figure 1). The dataset was randomly subdivided into a training cluster (75%) and a test cluster (25%). The training set was used to fit the model, and the test set was used to provide an impartial evaluation of a model fit on the training dataset while tuning model parameters.




Figure 1 | Decision-tree model for the incidence of lameness and associated cow- and farm-level measurements for 1,378 cows from 39 pens across 36 farms. Input variables or root and leaf nodes are presented in horizontal rectangles beside the corresponding cut-off value. The decision tree classified each cow into one category of the lameness output variable, with a cow being either “lame” (gray) or “non-lame” (light gray). Lameness output variables are shown in snipped corner-rectangles containing the corresponding estimated probabilities for each category. Class membership (the number of records per category of input variables) are shown beside the cut-off point, either above or below nodes as space permits.



The decision tree analysis arranges, and splits nodes or input variables based on their relevance or influence on the classifier or occurrence of the output variable “lameness”, using a threshold level of 0.05. All the values > 0.05 were considered positive predictors of lameness, while values ≤ 0.05 were considered as negative predictors of lameness. If at any time, all records at a node have the same classification, or the classified number of records were equal to 11 records (nodesize), that part of the tree stops developing.




3 Results

Due to missing data, the number of cows on each farm varied from measure to measure (Table 1). Data on parity and knee lesions were obtained from 34 and 33 herds, respectively. Additionally, all farm-level categorical predictors considered for analyses had at least 5 pens or farms per category (Table 2).


Table 1 | Number of cows per measurement from 1,378 cows on 36 dairy farms with AMS.




Table 2 | Farm-level variables as measured in 39 pens from 36 dairy farms with AMS.



Figure 1 shows the decision tree model for the incidence of lameness and associated cow and farm-level measurements, a total of 22 nodes with 10 decision and 12 prediction nodes, and it was generated using the entire data set of 1,378 from 39 pens and across 36 farms. The primary classifier (root/root/principal node) divided the entire dataset based on the type of stall base into 3 categories as follows: the first category included 71.84% of cows were standing on either sand, rubber, or geotextile mat; the second category included 18.07% of cows on a concrete base; while the third category contained 10.09% of cows on other types of stall base.

Within the first category, bedding quantity was determined as the second most important classifier after stall base for the sand, rubber geotextile category (Figure 1). Around 52.5% of cows within this classifier were standing on ≥2 cm of bedding while 47.5% of cows were on less than 2 cm bedding. Continuing from the ≥2 cm bedding quantity category, BCS was the third most important classifier. Around 59.1% of cows within this attribute showed BCS of 3.25 to 4.5 and they were apparently defined as non-lame with an estimated probability (EP) of 0.59. Subsequently, cows with BCS from 2 to 2.5 (41%) were further classified according to the presence (36.2%) or absence (63.8%) of hock lesion. Cows recorded to be free from hock lesions were determined as non-lame cows with an EP of 0.93, while cows that suffered from hock lesions were further divided according to leg cleanliness. Finally, cows with clean legs were defined as non-lame cows (80.5%) with an EP of 0.81, while remaining cows with dirty legs were clearly determined as lame cows.

Going back to the primary classifier, cows that were on either sand, rubber or geotextile mat with less than 2 cm bedding material in stalls were furtherly classified based on cows’ ability to fit the stall width (Figure 1). Around 63.8% of cows within this attribute fitted stall width and they were defined as non-lame with an EP of 0.66. Around 36.2% cows within this attribute did not fit the measured stall width, and they were furtherly divided based on the available width of the feed alley. Around 81.8% cows had ≥430 cm of feed alley, and these cows were recognized as non-lame cows (EP = 0.89) while the remaining cows within this attribute were defined as lame cows 18.2%.

Within the second category of the primary classifier that included the 18.1% of cows stalled on a concrete base, a cow’s ability to fit the available stall width was determined to be the second most important classifier after stall base (Figure 1). Cows that fit stall width (66.3%) were defined as non-lame (EP = 0.63), while cows that did not fit stall width were further divided based on the frequency of stall raking into 21.4% of cows with ≥ 1 raking per day (defined as non-lame cows, EP = 0.18), and 78.6% with < 1 raking a day (defined as lame cows, EP = 0.82).

In the third category of the primary classifier, there were 10.1% cows kept on a stall base other than concrete, sand, or geotextile mat (Figure 1). Cows within that category were further classified based on their parity, with 60.4% of cows with less than 2 parities categorized as non-lame (EP = 0.60) while the cows with ≥ 2 parities were furtherly classified based on the available lunge space. Within this attribute, 19.6% cows with enough non-obstructed lunge space were defined as non-lame (EP = 0.20), while the remaining cows, which had an obstructed lunge space were categorized as lame cows (EP = 0.80).



4 Discussion


4.1 Decision tree and lameness

Lameness, like most production diseases, is multifactorial in nature, making it difficult to identify possible associated risk factors with complete conviction. The risks factors involved are often complex and interrelated (Vermunt, 2005). There are still many aspects of our understanding of how lameness arises that are missing; therefore, we used a new approach to identify and analyze the prevalence of lameness in AMS farms to allow use to view potential risk factors in a more complex way.

In animal science, causal relationships are often revealed by multiple statistical approaches like simple or multiple linear regression analysis, but decision trees are an alternative method when evaluating animal data (Koc et al., 2017). Decision tree algorithms are used to solve regression and classification problems by using multiple algorithms to split a classifier node into two or more sub-nodes (leaf or child nodes) and organize risk factors into a flow of critical control points based on their influence on the output factor (Koc et al., 2017). Moreover, decision trees can handle categorical and continuous data in a single model, accommodate missing data in predictors through surrogates, and are insensitive to outliers, unlike regression models (Breiman et al., 1984; Valletta et al., 2017). Several studies have indicated that decision trees algorithms are superior to linear, multiple, and logistic regression models and can be applied to continuous, nominal, and ordinal dependent variables (Topal et al., 2010; Valletta et al., 2017; Tyasi et al., 2021). Moreover, decision trees result in a graphical interpretation of complex results, making them advantageous to other regression models (Elith et al., 2008; Topal et al., 2010).

Lameness is a painful condition and is considered to be one of the major welfare concerns in dairy industry (Whay et al., 2003), affecting 15 to 55% of North American lactating dairy cows (von Keyserlingk et al., 2012; Westin et al., 2016b). Lameness is not only a welfare concern but also has a large financial impact on the dairy industry, for instance, lame cows in Canadian automated milking system (AMS) herds produced 1.6 kg/d less milk (King et al., 2017), showed a reduced reproductive performance (Garbarino et al., 2004; Bicalho et al., 2007), and had an elevated rate of being culled (Bicalho et al., 2007; Cramer et al., 2009). Therefore, reducing the number of clinically lame cows would help improve welfare of dairy cattle and simultaneously improve financial outcomes for producers. However, a thorough understanding of the risk factors that either directly or indirectly associated with lameness in AMS is required to reduce prevalence of lameness in the dairy industry.

Previous reports have related many individual cows and/or management factors to the incidence of lameness in lactating dairy cows. However, no previous research has arranged these factors based on their magnitude of involvement in inducing lameness in dairy herds. Therefore, in the current study, we implemented decision trees algorithm to a dataset of cow- and farm-level measurements for 1,378 cows from 39 pens and across 36 farms. Using such an approach enabled us not only to identify potential cow- and farm-level factors associated with lameness on AMS farms but also to quantify the estimated probabilities of these different factors and order them based on importance in relation to lameness and while being able to visualize the pathways to monitor and control incidence of lameness in dairy herds.



4.2 Mapping of risk factors associated with lameness

Besides ranking farm- and cow-level factors based on their association with the incidence of lameness, the decision tree also created a model presenting various pathways of farm and cow-level critical control points to better understand lameness on dairy cow farms. Such pathways can help in understanding the complex relationships between risk factors and lameness by ranking such factors and mapping the inter-relationships between them in a continuous and branched manner based on their significance. Likewise, such pathways serve as a unique prediction model for the incidence of lameness based on a given set of implemented farm and cow management practices, not only a single factor as in regression models.

The current decision tree model was created using the 1,378 observational data points to train the algorithm to identify specific animal and management practices related to incidence of lameness on AMS dairy farms. The decision tree model created in this study can be used as a prediction model for AMS dairy farmers in the future. The decision tree model is not currently equipped to make such predictions; however, the decision tree can be used as a prediction model with further research and a more extensive dataset introduced to the algorithm. For instance, dairy farmers could collect their cow- and farm-based data points and input the data into the trained decision tree algorithm. The algorithm would compare the new dataset factors to the trained algorithm to generate new expected probabilities of lameness based on the new facility’s factors. The decision tree could then be used to suggest recommendations to improve lameness based on the ranking and significance of each factor and the pathway of factors related to probability of lameness determined by the algorithm.

The decision tree presents a visual representation of pathways of factors related to lameness that can be translated in both directions. For instance, the decision tree from the current study can be interpreted starting at the root node of stall base. Stall base was divided into 3 categories of sand, rubber, and geotextile mat; concrete; and other types of stall base. Such as, facilities with sand, rubber or geotextile mat were further classified by bedding quantity, followed by BCS, ability of cows to fit average stall width, presence of hock lesions, and width of feed alley. These pathways branch off in multiple directions based on rank and significance of factors and led to various probabilities of lameness. For example, all factors considered, the pathways following type of stall base, bedding quantity, cow fit stall width, BCS, width of feed alley, and hock lesions were responsible for a predicted probability of 0.93, and 0.89, respectively, for the absence of lameness.

Additionally, decision trees can be interpreted starting at each prediction node toward the root node. Based on the current decision tree model, probability of lameness was presented at the end of the model in prediction nodes. Interpreting the decision tree in this direction allows for visualization of risk factors associated with lameness and alternative pathways that lead to differing incidences of lameness. For instance, the decision tree algorithm from the current study resulted in an 82% chance of lameness for AMS facilities that raked bedding < once daily, with cows that do not fit average stall width, and stood on concrete base. However, the probability of lameness differs as alternate pathways are followed, enabling us to make suggestions to improve prevalence of lameness based on a farm’s specific cow- and farm-level factors.

For instance, the current decision tree resulted in a higher probability of non-lameness when cows fit inside the average stall width for both sand, rubber, geotextile mat, and concrete stall base. Therefore, this factor is considered a high priority for AMS farmers and could be used as a recommendation to improve incidence of lameness on AMS farms in the future. The decision tree enables visualization of alternative pathways of risk factors that could be changed or adjusted to increase the prevalence of non-lameness. For example, the most apparent recommendation to improve probability of non-lameness would be to transition into sand, rubber, or geotextile mat stall base. However, this is not feasible for all AMS facilities; therefore, additional decision tree pathways can be followed to determine alternative solutions. Another option would be to increase stall raking frequency to ≥ once daily or make changes that enable the cows to fit inside the stall width. For instance, farmers can select smaller-framed cows that better fit the current stall width in their facility or change the barn’s overall design to create a more suitable stall size for their existing herd. Moreover, the decision tree allows us to visualize various pathways that result in probability of lameness, enabling us to make housing and farm management recommendations based on specific cow- and farm-based factors to potentially decrease prevalence of lameness on AMS farms.



4.3 Classifiers of lameness determined by decision tree analysis

In the current study, we confirmed Westin et al.’s (2016b) findings, and in fact, pinpointed stall base as the single most important factor related to lameness. By implementing a decision tree analysis, we then went beyond identifying odds of lameness related to stall base to further distinguish specific risks associated with various stall base types like sand, concrete, rubber, and geotextile mats. Decision tree analysis enabled us to rank each type of stall base based on their association with incidence of lameness. The type of stall base (surface under bedding) was classified as the single most important critical control point of lameness and revealed that the majority of non-lame cows were housed on deep-bedded sand stalls or on rubber/geotextile mat flooring. On the other hand, more lame cows were observed on other types of stall bases, such as concrete.

The current findings are also consistent with previous studies reported decreased risks of lameness in herds with deep-bedded sand stalls (Chapinal et al., 2013; Solano et al., 2016; Cook et al., 2016) and rubber flooring throughout the pen (Vanegas et al., 2006). Sand bedding also results in greater lying times in lame cows, promoting more time to recover compared to cows on other bedding types, who spend more time standing in the stalls (Jewell et al., 2019). Additionally, similar to our current findings, several previous studies demonstrated that the use of rubber or geotextile mats was associated with better locomotion and lower incidence of lameness to dairy cows housed in freestall barns through decreasing the trauma and wear (Vanegas et al., 2006; Eicher et al., 2013), and improving their lying behavior (Bak et al., 2016) when compared to concrete flooring. Moreover, the amount of time cows spend lying down is highly dependent of the bedding material provided (Norring et al., 2008), therefore remains a high priority to AMS dairy farm managers.

Similarly, by executing a decision tree analysis, we were able to further distinguish the ranking of each farm-based measure and the risks associated with prevalence of lameness. This enabled us to identify bedding quantity as the second most critical control point of lameness after stall base, as cows with adequate bedding quantity (≥ 2cm in the current study) on stall base of sand, rubber or geotextile mat, appeared to be less susceptible to lameness. Comparably, in Westin et al., 2016b, adequate bedding quantity (≥ 2cm, of sand, straw, sawdust, or wood shavings) was associated with lower odds of lameness (0.72). Moreover, the quantity of bedding material has an influence on cow comfort and lying behavior, thus, the depth of bedding material provided in AMS dairy farms should a high priority to farm managers as it can reduce prevalence of lameness (Leach et al., 2021).

In the present study, we also confirmed Westin et al., 2016b findings that BCS and the cow’s capability to fit stall width is significant in relation to incidence of lameness. However, by using the decision tree model, we were able to pinpoint these cow-level factors as substantial classifiers related to prevalence of lameness in AMS farms. Cow fitting stall width and cow’s BCS were classified as the third most critical factors associated with lameness, after stall base and bedding quantity. Overall, around 62% of cows in the current study were too big to fit the average stall width (2× the cow’s hip width needed), while 13% of cows had a BCS ≤2.25 (range: 0 to 40% of cows across herds). On the other hand, a correlation between low BCS and lameness has been demonstrated in numerous studies (reviewed by Huxley, 2013), and some studies suggest low BCS could predispose dairy cows to lameness (Green et al., 2014; Lim et al., 2015; Randall et al., 2015). Therefore, it is imperative that AMS farm managers provide stalls of adequate width to accommodate the size of their cows and to take corrective action for cows with a BCS <2 in order to reduce incidence of lameness and increase cow health and welfare (Westin et al., 2016b).

Finally, by using the novel decision tree approach we could determine the last classifier related to prevalence on lameness. Westin et al., 2016b identified the presence hock lesions and narrow feed alleys (<430 cm) as important risk factors for lameness. However, through the decision tree were able not only to identify risk associated with these parameters to the incidence of lameness but to rank these parameters based on their significant risk. Hock lesions and width of feed alley were identified as the last critical control points associated with lameness after stall base, bedding quantity, stall width, and cow’s BCS. Hock lesion incidence varies based on the type of stall base provided. Previous research has shown lower incidence of hock lesions on sand bedding than geotextile mats, concrete, or sawdust (Weary and Taszkun, 2000; Norring et al., 2008), and found best recovery is achieved through sand bedding (Vokey et al., 2001). Sand bedding conforms to the cow’s body allowing them to better position their legs to avoid excess pressure on the lesion, resulting in a quicker healing process and reduced incidence of lameness (Norring et al., 2008). Moreover, type of stall base and width of feed alley are associated with the risk of hock lesions and agonistic interactions within narrow feed alleys (<430 cm), causing an increased prevalence of lameness (Westin et al., 2016b), making this of significant concern to AMS dairy farmers.




5 Conclusion

The decision tree model enabled us to highlight the most important cow- and farm-based factors related to incidence of lameness in AMS herds and rank them based on their magnitude. Moreover, the decision tree model approach was able to arrange these factors into an organized flow that illustrate a pathway to monitor and control incidence of lameness in dairy herds. The current study presents a promising approach in classifying datasets and determining the criteria to achieve the most accurate predictable outcomes. Such an approach would help significantly in assessing and identifying the variables that control incidence of lameness in AMS herds. Further research still necessary to validate and improve the application of decision tree algorithms in identifying and arranging the critical farm- or animal-based factors that influence lameness on AMS farms and link them to the predictable probability of incidence. This, in turn, will help develop successful strategies to enhance housing designs and management plans to reduce the incidence of lameness in AMS farms.
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